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(57) ABSTRACT

An information retrieval system, including a natural language
parser (3) for parsing documents of a document space (1) to
identify key terms of each document based on linguistic struc-
ture, and for parsing a search query to determine the search
term, a feature extractor (4) for determining an importance
score for terms of the document space (1) based on distribu-
tion of the terms in the document space (1), an index term
generator (5) for generating index terms using the key terms
identified by the parser (3) and the extractor (4) and having an
importance score above a threshold level, and a query clarifier
(16) for selecting from the index terms, on the basis of the
search term, index terms for selecting at least one document
from the document space (1). A speech recognition engine
(12) is used to generate the query, and a bi-gram language
module (6) generates grammar rules for the speech recogni-
tion engine (12) using the index terms.
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1
METHOD AND SYSTEM FOR GENERATING
GRAMMAR RULES

TECHNICAL FIELD

The present invention relates to a system to determine
index terms to generate grammar rules for speech recogni-
tion.

BACKGROUND

Document retrieval systems, such as search engines, have
been the subject of considerable research and development.
The sophistication of speech recognition systems has also
significantly advanced. One of the difficulties facing docu-
ment retrieval systems is providing a process which limits or
obviates the retrieval of irrelevant documents in response to a
user’s query. This problem however proves even more diffi-
cult if it is desired to provide a speech recognition based
interface for retrieval of documents. Speech recognition sys-
tems have previously been used for limited retrieval applica-
tions involving a very structured and limited data set for
information retrieval. It is desired to provide a useful alterna-
tive to existing information retrieval systems and the steps
they execute.

SUMMARY

In accordance with the present invention there is provided

amethod of generating index terms for documents, including:

parsing the documents to identify key terms of each docu-
ment based on sentence structure;

determining an importance score for terms of the docu-
ments based on distribution of said terms in said docu-
ments; and

retaining said key terms having an importance score above
a predetermined threshold as said index terms.

The present invention also provides an information

retrieval method, including:

parsing a search query to determine at least one search
term;

matching said at least one search term against index terms
of documents to determine matching documents;

ranking said matching documents according to fitness val-
ues of the index terms, of said matching documents,
matched to said search terms; and

presenting said matching documents according to said
ranking.

The present invention also provides an information

retrieval system, including:

anatural language parser for parsing documents of a docu-
ment space to identify key terms of each document based
on linguistic structure, and for parsing a search query to
determine at least one search term;

a feature extractor for determining an importance score for
terms of the document space based on distribution of
said terms in said document space;

an index term generator for generating index terms using
said key terms identified by said parser and said extrac-
tor and having an importance score above a threshold
level; and

a query clarifier for selecting from said index terms, on the
basis of said at least one search term, index terms for
selecting at least one document from said document
space.
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Advantageously, said index terms may be processed to
provide grammar rules for a speech recognition engine.

DESCRIPTION OF DRAWINGS

A preferred embodiment of the present invention is here-
inafter described, by way of example only, with reference to
the accompanying drawing, wherein:

FIG. 1is a block diagram of a preferred embodiment of an
information retrieval system; and

FIG. 2 is a frame relation graph generated by a natural
language parser of the information retrieval system.

DETAILED DESCRIPTION

An information retrieval system, as shown in FIG. 1,
includes an extraction system 200 for generating index terms
from documents, and a query response system 100 for inter-
preting voice commands and retrieving stored documents.
The query response system 100 retrieves documents from a
document database 1 in response to voice commands spoken
into the user interface 10 of the system 100. For example, the
user could say “Tell me about the Concord crash in France”,
and the system 100 would recognize the speech input as one
or more sentences in text form, each of which gives one
interpretation of the speech input. The system analyses the
content of the sentence to identify the command and the topic
sought, and then locate and provide relevant documents to the
user. These documents could be listed or displayed on the user
interface 10, spoken by a text-to-speech engine, or presented
by some other presentation method. The query response sys-
tem 100 is the online part of the retrieval system, whereas the
extraction system 200 constitutes the offline part of the
retrieval system.

The information retrieval system includes a number of
software modules 2 to 20, shown in FIG. 1, which may be
stored and executed on separate or distributed computer sys-
tems or a single computer system. For example, the user
interface and speech recognition modules 10 and 12 of the
query response system 100 may be stored and executed on an
Interactive Voice Response (IVR) unit, such as the Periphon-
ics IVR produced by Nortel Networks. The other modules of
the query response system 100 may be stored and executed on
a back-end server. The extraction system 200 may store and
execute its modules on a separate back-end server. The serv-
ers and the IVR may communicate over a communications
network or be connected in the same physical location, and
have access to the document database 1 and a transcripts
database 11. The document database 1 contains all the docu-
ments that can be retrieved. The database 1 may be a single
database or multiple databases of documents, and may
include documents accessible on the Internet. The transcripts
database 11 contains text representing the spoken phrases that
have been recently input by users to the user interface 10, such
as in the last a couple of days. As will be understood by those
skilled in the art, at least some of the operations executed by
the modules may be executed by hardware circuits, such as
ASICs of the retrieval system. A number of the individual
modules may also be based on or provided by modules
described in the specification of International Patent Appli-
cation PCT/AU00/00797 for a search system (hereinafter
referred to as the “search system specification”), herein incor-
porated by reference.

In order for the system to support information retrieval, a
series of tasks related to data preparation are initially per-
formed. The first task is to generate index terms or domain
concepts from the stored documents of the document data-



US 9,183,204 B2

3

base 1 which allow the documents to be matched to the voice
input query terms. This process begins by processing the text
of'the documents by a natural language parser 3. However, if
the documents are in some form other than plain text, such as
a rich text or word processing format (e.g., HTML, XML,
SGML, RTF, Microsoft Word™), they are first processed by
a text filter 2 to remove all the formatting or other extraneous
content prior to processing by the natural language parser 3.

Given a document, the natural language parser 3 uses the
structure and linguistic patterns of English text to extract
linguistically important words and phrases from the sen-
tences in the document. These words and phrases are referred
to as key linguistic terms of the document. The parser 3 first
identifies those “chunks” that represent the local linguistic
structures in a sentence. It then selects from each chunk the
key linguistic terms that are likely to carry the key informa-
tion in that sentence. For example, given the sentence “NASA
wants to send an orbiting surveyor to Mars”, the parser 3
identifies the following chunks: “NASA”, “wantto send”, “an
orbiting surveyor”, “to Mars”. From them, the parser 3 would
extract the following words and phrases: “NASA”, “orbiting
surveyor”, and “Mars”.

To recognise sentence chunks, the parser utilises a data
structure called a key-centred phrase structure frame, such as:
NP—det adj*noun, where NP refers to a noun phrase having
a determiner (det), adjective (adj) and noun.

The category preceded by an asterisk—“noun” in this
example—is the key category that will match the content
word in a chunk. Once a word with the category “noun” is
identified in a sentence, this frame is attached to that word (the
word is called an anchor word in the following discussion)
and the key category in the frame is aligned with the word.
Next, the frame is instantiated by using a tolerant bidirection
pattern matching process. During the pattern matching pro-
cess, the parser collects the words towards the two ends of the
sentence whose categories match those in the frame. When no
contiguous words of the same category remain, the matching
process begins again with the category of the adjacent words,
if any. A matched word is stored in a slot associated with the
category in a frame. The matching process also creates a
four-element tuple <S, E, CL, P> for each instantiated frame,
where:

S is the start position, the position of the leftmost word

stored in the frame in the original sentence;

E is the end position, the position of the rightmost word

stored in the frame in the original sentence;

CL is the covered length, ie the number of words stored in

the frame; and

P is the preference index, which is the difference between

the number of matched categories and the number of
unmatched categories in the frame.

The frames are classified into different classes according to
when they will be applied. For example, any frames whose
right hand side (RHS) contains only terminal categories such
as NP above is used in a bottom-up matching process and will
be applied first. Any frames whose RHS consists of merely
non-terminals will be used in a top-down analysis process and
will be applied in a later stage. This frame invocation scheme
allows the frame instantiation process described above to
proceed in an orderly manner.

When all the frames have been instantiated, a frame rela-
tion graph is generated. An example of such a graph is given
in FIG. 2. The frame relation graph is an acyclic, directed
graph that contains four-element tuples as its nodes. These
nodes are separated into three classes: start nodes such as {1,
£2, £3 in FIG. 2, end nodes such as 8, and intermediate nodes
such as 14, f5, 6 and 7.
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In a frame relation graph, a start node, one or more inter-
mediate nodes, and an end node form a path that represents
one particular way of linking some of the frames. Two rules
govern the formation of these paths: (1) only two nodes
representing non-overlapped frames can appear in the same
path; (2) only two nodes representing two adjacent instanti-
ated frames can be linked by an arrow. The parser then parses
again each of the paths in the graph. The parsing method used
here is similar to the frame instantiation process described
earlier, and combines both bottom-up and top-down methods,
with the difference that the lowest units in the parsing process
are now the nodes in the path (i.e. the chunks recognised so
far).

After the parallel parsing process, if one path gives a com-
plete parse, this is the final path result produced by the parser
3. If more than one path gives a complete parse, the final result
is selected using the following rules. The totals of the CL
values of the nodes are calculated. If the total for one path is
greater than any other, then that path is chosen. If not, then the
same rule is applied to the totals of the P values of the nodes
in the path. If no path parses completely, the above two rules
are used and the path with the lowest number of nodes is
selected. If there is more than one path selected (very rare), a
path will be picked up arbitrarily when no other knowledge
(e.g. contextual or domain knowledge) is available to perform
further comparison.

The nodes in the final path correspond to the local struc-
tures or sentence chunks that contain potentially useful key
words and phrases. Two more steps are required to extract
these key linguistic terms: (1) all determiners such as “a”,
“this”, “all”, “some”, etc are removed, and (2) for a phrase
containing more than two words, some subphrases contained
in that phrase are generated. For example, from the phrase
“U.S. President Bill Clinton”, the parser would generate two
extra phrases “President Bill Clinton” and “Bill Clinton”.
These key linguistic terms are then stored with the source
document for further processing.

The feature extractor 4 performs two tasks: feature extrac-
tion for individual documents and the determination of word
importance within a document set. The extraction system 200
uses the output produced by the parser 3 with the output
generated by feature extractor 4 to build index terms 5.

The feature extraction process extracts words and phrases
from a document that is most descriptive of that document.
These words and phrases form the initial feature set of the
document. The process is similar to that described in J. D.
Cohen, “Highlights: Language and Domain Independent
Automatic Indexing terms for Abstracting”, Journal of the
American Society for Information Science, 46(3): 162: 174,
1995 for generating highlights or abstracts of documents
retrieved by an information retrieval system.

The feature extraction is based on n-grams. N-grams are
sequences of characters of length n. Every document is rep-
resented as a sequence of characters or a vector of characters
(referred to as document-sequence vector). Each document-
sequence vector is processed to extract n-grams and their
frequencies (number of occurrences) for that document. For
example, the sequence of characters “to build” will give rise
to the following 5-grams “to bu”, “o bui”, “buil”, “build”.

In order to determine the words and phrase that describe a
document or a group of documents, the following is executed.
First, the distribution of the n-grams over the document space
is computed by counting the occurrence of n-grams in the
documents. Each n-gram is assigned a score per document
that indicates how novel or unique it is for the document. This
novelty score is based on the probability of the occurrence of
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the n-gram in the document and the probability of occurrence
elsewhere and is calculated using the following formula:

(Sj# pij =lnp) + (S = 8)) w gy «lng;) — (S 1nry), py = g

where W, is the novelty score of the n-gram i in document j,
p,; s the probability of the occurrence of n-gram i in document
J» q;; 1s the probability of occurrence of n-gram i elsewhere in
the document space, t,; is the probability of occurrence of
n-gram i in the whole document space, S; is the total count of
n-grams in document j, and S is XS,

Next, the novelty score of each n-gram is apportioned
across the characters in the n-gram. For example, the appor-
tioning could be so that the entire score is allocated to the
middle character, and the other characters are assigned a score
of zero. This apportioning allows each character in the
sequence (hence each entry in the document-sequence vec-
tor) to be assigned a weight. Finally, these weights are used to
compute a score for each word or phrase based on their
component characters and their scores. These scores com-
bined, if necessary, with language-dependent analysis, such
as stemming, may be used to filter out non-essential features,
if desired.

Thus, the output of the feature extractor is a set of terms
(words or phrases) from the document, and a score indicating
how well it describes the document, i.e., how close it is to the
topic of the document. This also means that the same words,
e.g., vector, may have different scores: a higher score in a
document about vector analysis and a lower score in a docu-
ment that uses vector analysis for search engines. This score
is then used during information retrieval so that the query
“vector” would yield both these documents, but the document
about vector analysis would be ranked higher.

Since the feature extraction process is based on n-grams,
there is no necessity for language-dependent pre-processing
such as stemming and removal of function words. Hence, this
extraction process is language-independent. It is also tolerant
of'spelling and typing errors since a single error in the spelling
of'along word would still yield some n-grams that are same as
those from the correctly spelt word. In addition, the same
feature extraction technique can be used to extract words or
phrases or sentences or even paragraphs (for large docu-
ments) since the fundamental unit for determining novelty is
not words but character sequences. Further, the character
sequences need not even be text. Hence, with modifications,
the same technique may be used to pick out novel regions
within an image or audio track.

After generating a set of terms with their weights indicat-
ing how well they describe the document, a feature set of the
document is created as follows:

(1) If a word or a phrase is in the document title, it is

included in the feature set with an initial weight of 1.0
(the number 1.0 might be varied based on experiments
for different applications);

(2) If aword or a phrase is in the set of terms generated by
the feature extractor, it is included in the feature set. If
the word does not appear in the document title, its weight
is the weight generated by the feature extractor. If it
appears in the title of the document, its weight is the total
of'its initial weight 1.0 and the weight generated by the
feature extractor.

The feature set of a document is used in the document

retrieval process.

Pij < gy
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The feature extractor 4 determines a score for each term in
a particular document. In order to build grammars and to
retrieve documents meaningfully, however, it is often neces-
sary to know the overall importance of a word within the
whole document set. For instance, if all the documents within
a set are about Telstra, then the word “Telstra” is less impor-
tant in that document set than, say, another word, such as
“Mobilenet”. The word importance module assigns a score to
each word in the index set (determined by the index genera-
tion module) based on its importance, i.e., its ability to dis-
criminate. This ability of a word to discriminate depends on
how many documents a word appears in (referred to as DF),
and the frequency of that word (referred to as TF) in each of
those documents. Those words that appear frequently within
a few documents are more discriminating than those that
appear in most of the documents infrequently. Traditionally,
in information retrieval, this reasoning is captured using the
TFs and DF of each word to arrive at an importance value, as
described in Salton, The SMART Retrieval System—FExperi-
ments in Automatic Document Processing, Prentice-Hall,
New Jersey, 1971 (“Salton”).

In the extraction system 200, the discrimination ability is
determined based on the notion that when a word is discrimi-
nating and it is removed from the feature space, then the
average similarity between documents in the repository
increases. Thus, by determining average similarity between
documents with and without a word, it is possible to deter-
mine its discriminating ability. The average similarity of a
document set is determined by summing the similarities
between each document and the centroid (where the centroid
is the average of the word frequency vectors of all the docu-
ments in the set). The similarity is computed by using a cosine
coefficient, as discussed in Salton. The input to the word
importance analysis process is the word frequency vector for
each document, and the output is a score for each word
indicating its importance. This score is referred to as the
importance score of the word.

The natural language parser 3 generates key linguistic
terms that represent good candidates for index terms based on
sentence structures. However, due to the nature of the syntac-
tic analytic method used, the parser 3 will also select words
and phrases that may be linguistically important but contrib-
ute little to search purpose, such as the term “hour” in the
sentence “The cabinet meeting lasted about an hour.”” On the
other hand, the feature extractor 4 is able to identify terms that
are most descriptive of a document but these terms are in
general limited to one or two words. The extraction system
200 uses the features of a document to remove those key
linguistic terms of the same document that have little use for
search purposes. This is achieved by removing those key
linguistic terms of a document determined by the parser 3 that
do not contain any terms from the set of features generated by
the feature extractor 4 for that document. The remaining key
linguistic terms form the set of index terms or domain con-
cepts 5 of the document that will be used in the information
retrieval process. By adding the importance scores of all the
words in an index term together, the importance score of the
index term can also be determined.

The index terms or domain concepts 5 thus identified are
used in two ways. In addition to providing index terms for
locating documents matching search terms, they are also used
to generate domain-specific grammar rules 8 for the speech
recognition engine 12. This is performed by a bi-gram lan-
guage module 6 to produce word pair grammar rules. The
rules 8 constrain the speech recognition grammar and thereby
enhance the document matching performance of the system.
The domain-specific grammar rules 8 augment the manually
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coded sentence structure grammar rules which remain rela-
tively constant across different application domains. Live
voice data transcripts 11 received during use of the interface
are also processed in order to supplement the initial grammar
rules and enhance their coverage.

The bi-gram language module 6 takes as its inputs a list of
index terms 5 plus a list of transcripts 11 that have been
manually entered. The index terms 5 represent the phrases
that are likely to be spoken by the user based upon the docu-
ments that can be returned. The list of transcripts represents
spoken phrases that have been input in the recent past, usually
the last two or three days.

As shown earlier, each of the index terms 5 has associated
with it a weight that is an estimation of the overall importance
of'theterm within a document set. Each transcript in the list of
transcripts 11 also has a weight assigned to it. The weight
given to a transcript in the list of transcripts is equal to or
greater than the greatest weight generated by the feature
extractor, multiplied by the number of times the phrase has
been observed. This will bias the probabilities in favour of
those word pairs that have been observed on earlier days, over
those that have not been observed. Alternatively, a phrase may
occur more than once in the transcript list 11 if it has been
recorded more than once, and each entry is given the same
weight.

The index terms 5 and the list of transcripts 11 are added
together to create a single list of phrases. This list is compiled
as bi-gram module input data 7. This list is considered to be a
list of noun phrases, even though it contains transcriptions
that may be more than noun phrases. A bi-gram language
model is then generated from this combined list by the bi-
gram language module 6. A bi-gram language model is a
language model that states that one word can follow another
word with a specific probability. A word pair language model
is a bi-gram language model where the probability of one
word following another can be either 0 or 1.

Each entry in the bi-gram module input data 7 can be
considered to be a sequence of words as follows:

X, X, X,

For the purposes of the bi-gram language model, each
observation is considered to also include a start symbol (o)
and an end symbol (Q):

1 X5 XQ

The length of each observation may differ between obser-
vations.

A two dimensional associative array is created to count the
transitions from one word to another. Advantageously this
may be a sparse array such that only transitions that have been
observed are stored in the array.

The entry for each symbol transition X, X, is then incre-
mented by the weight attached to the index term. For instance
if the first phrase in the phrase list (XX) was

“aboriginal community of umagico” with weight=

1.371258

It would create the following entries in the associative

array.

X, X, count
[¢3 aboriginal 1.371258
aboriginal community 1.371258
community of 1.371258
of umagico 1.371258
umagico Q 1.371258
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If the first phrase in the combined list was
“aboriginal community” with weight=1.089166;
the following entries would be created in the associative array

X, X, count

[¢3 aboriginal 1.089166
aboriginal community 1.089166
community Q 1.089166

If both entries occurred in the combined list the entries in
the associative array would be

X, X, count
[¢3 aboriginal 2.460424
aboriginal community 2.460424
community of 1.371258
community Q 1.089166
of umagico 1.371258
umagico Q 1.371258

A user, however, may speak noun phrases that are shorter
than those in the index terms 5. For instance, although the
index terms 5 may contain an index term such as “the prime
minister john howard”, users may simply say “john howard”
or “the prime minister.”

Additional index terms are created that represent each
word in the index term, spoken in isolation. Each one of these
index terms will have the same weight as the index term it is
generated from. For instance for the phrase

“aboriginal community of umagico” with weight=

1.371258

The following additional counts are added to the associa-

tive array.

X, X, count
aboriginal Q 1.371258
community Q 1.371258
of Q 1.371258
umagico Q 1.371258
[¢3 aboriginal 1.371258
[¢3 community 1.371258
a of 1.371258
[¢3 umagico 1.371258

Ifthe combined list contained only the two previous entries
in it, the associative array would be as shown below.

X, X, count
[¢3 aboriginal 4.920848
[¢3 community 2.460424
a of 1.371258
[¢3 umagico 1.371258
aboriginal community 2.460424
aboriginal Q 2.460424
community of 1.371258
community Q 3.54959
of umagico 1.371258
of Q 1.371258
umagico Q 2.742516

It can be shown that this also enables sub strings of any
length from the original two index terms, for instance “com-
munity of umagico” is also a valid phrase according to the
bigram model.
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This bi-gram language model is then created into a set of
context free rules that can be combined with other predeter-
mined context free rules. A bi-gram transition of the form X,
X, canbe converted to a context free grammar rule of the form

Xa—xb Xb~p

A context free grammar is a set of rules, consisting of
symbols. These symbols can be either words such as “com-
munity” or nonterminals that can be expanded into other
symbols.

In this notation, upper case symbols represent non-termi-
nals that need to be expanded, and lower case symbols rep-
resent words that can be spoken. A context free grammar rule
thus has on the left side a nonterminal to be expanded, and a
right hand side which contains a set of symbols the left hand
side can be replaced with. In the notation used above, Xa
represents the Non-Terminal on the left hand side. The right
hand side of the rule is “xb Xb”. In addition, the rule has a
probability p. The sum of the probabilities of all rules with the
same left hand side must sum to 1.

When a bigram transition is created using the notation
above, a nonterminal is assigned to each symbol. In the
example above, the nonterminal Xb represents all of the sym-
bols that can occur after the symbol xb is generated. In the
general case, each nonterminal in the bigram or word pair
grammar would have a unique prefix to ensure that the non-
terminal symbol is unique. The non-terminals can also be
considered to be states of a state machine. For instance the
rule above defines that while in the state Xa, if a xb symbol is
encountered then the state machine represented by the gram-
mar transistions to the state Xb.

The probability of each bi-gram transition is estimated by
dividing the counts associated with the bi-gram transition by
the sum of all counts attached to the same non-terminal. For
instance, in the example above, there are two possible words
that can follow the word “community”. These words are “of”,
or the termination symbol. Therefore, assuming the terminal
symbol could be represented as a space (“ ) this part of the
grammar expressed in Nuance™ format would be

NT1Community [
(of NT10f) ~0.279
()~0.721

]

It can be seen that the sum of these probabilities is equal to
one. The non-terminals here are prefixed with the string
“NT1” to provide a unique non-terminal name.

In a number of grammar formats, empty grammar expres-
sions are prohibited and thus the context free grammar gen-
erated at this point should have those rules containing empty
right hand sides removed, without altering the phrases that
can be generated, or their probabilities. This is done by con-
sidering a non-terminal with rules with empty sides on it as
optional. For instance the context free grammar generated by
the bi-gram associative array above would be

NTINP — aboriginal NT1Aboriginal 4.920848
NTINP — community NT1Community 2.460424
NTINP — of NT10f1.371258

NTINP — umagico NT1Umagico 1.371258
NT1Aboriginal — community NT1Community 2.460424
NT1Aboriginal — 2.460424

NT1Community — of NT10f 1.371258
NT1Community — 3.54959

NT10f — umagico NT1Umagico 1.371258
NT10f — 1.371258

NT1Umagico — 2.742516

10

Where a rule doesn’t contain a right hand side, e.g.
NT1Community—3.54959, two copies are made of every
rule that references this non-terminal, such that the non-
terminal is either missing or in existence. For instance

NTINP — community NT1Community
NTINP — community

NT1Aboriginal — community NT1Community
NT1Aboriginal — community

10

Rule counts are modified so that the sum of the two counts
remains the same, but the rule with the missing non-terminal
has its count set to the original rule, multiplied by the prob-
ability of the empty rule, and the rule with non-terminal
remaining has its count set to the original rule, multiplied by
one minus the probability of the empty rule. For instance,

NTINP — community NT1Community 0.6864
20 NTINP — community 1.7740

NT1Aboriginal = community NT1Community

0.686458

NT1Aboriginal — community 1.7740

(0.279 * 2.460424)
(0.721 * 2.460424)
(0.279 * 2.460424)

(0.721 * 2.460424)

25 The empty rule (EG “NT1Community—3.54959”) is then

removed. The remaining rules attached to the non terminal

remain unaffected (e.g., ‘“NT1Community—=of NT10f

1.371258”). This process continues until there are no more

rules with empty right hand sides remaining. The resulting

30 grammar is then converted into a format that can be loaded in
by the speech recognition engine 12. Probabilities are calcu-
lated, and the probabilities that might otherwise be rounded
down to zero are rounded up to a minimum probability. The
given example in Nuance™ format would then be

35
NTINP [
( aboriginal NT1Aboriginal }~0.250501
( community NT1Community }~0.0621242
( of umagico )~0.0621242
40 ( aboriginal )~0.250501
( community )~0.187375
(of }~0.0621242
( umagico )~0.125251
]
NT1Aboriginal [
45 ( community NT1Community )~0.25
( community )~0.75
]
NT1Community [
( of umagico )~0.5
(of )~0.5
50 !

This context free grammar can then be used by the generic
grammar 8 that uses this grammar fragment as a noun phrase
in a more comprehensive context free grammar. The exact

55 structure of this grammar depends upon the question being
asked, and should be modified based upon transcripts 11
either manually or automatically. Where the user is being
asked to state a news topic they are interested, eg in a news
retrieval service, a suitable grammar might be (in Nuance™

60 format) as shown in Appendix A.

The probability of a word pair is obtained by using the
phrases in the transcripts and/or the generated index terms. A
similar technique can be implemented if no transcripts 11 are
available. In this scenario, the bi-gram grammar is built from

65 the index terms 5 alone. It may be advantageous in this sce-

nario not to use the calculated rule probabilities, but instead to
set them to be either 0 or 1. The reason for this is that the rule
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probabilities are calculated using the output texts, rather than
examples of phrases that are actually being spoken by users.
There is, however, likely to be some correlation between the
distribution of word pairs in the output text and the input
phrases due to the fact that both represent examples of some
small subset of spoken language related to the topic contained
in the described text. When the bigram probabilities are gen-
erated from both the generated index terms and the transcripts
of voice input, this biases the probabilities in favour of those
word pairs already observed. In addition, the probabilities
also bias the recognised phrases in favour of the more com-
monly occurring terms in the index terms 5 or in the tran-
scripts 11. The decision of whether to use probabilities or not
in the grammar presented to the speech recognition engine
depends on the particular application, as is the weighting of
counts of transcripts versus generated index terms.

The above tasks, including parsing, feature extraction,
word importance determination, and bi-gram language mod-
ule generation, are all executed by the ‘offline’ extraction
system 200 which is applied to stored documents of the data-
base 1 prior to retrieval. To retrieve stored documents, a user
issues a spoken voice command to a microphone of the
retrieval system user interface 10 in order to locate documents
based on some search criteria. The user interface 10 may be a
standard telephone handset that is connected by a telecom-
munications network to an IVR that includes the speech rec-
ognition engine 12. Alternatively, the user interface 10 may
include pages of a web site served to auser that includes code
able to capture sound data generated using a microphone
connected to the sound card of the user’s computer system,
which is connected to the Internet and has received the code
of the site. The speech recognition engine 12 interprets the
incoming sound data as a series of words and generates a set
of n-best interpretations of the query, each having a confi-
dence score. This may be performed using a commercially
available speech engine such as Nuance™ 7.0 by Nuance
Communications, Inc. (http://www.nuance.com).

Many speech recognition engines such as Nuance™ allow
the output of n-best interpretations of the spoken user query
with some confidence scores. For example, given the voice
input “is there any water in Mars”, the speech recognition
engine 12 might return several top interpretations with their
confidence scores as follows:

“is there any water mars” 51
“is there water in march” 48
“is there any water in mars” 45
“is there water march” 45

To derive useful search terms from the set of interpreta-
tions, the following steps are executed: (1) each of the inter-
pretations is parsed by a user term selector 14, using an
instance of the natural language parser 3, to determine poten-
tially useful search terms; (2) these search terms are ranked by
combining the parsing results and the confidence scores; (3)
the final set of search terms is selected according to rank.

For the above example, the parser 3 would return the fol-
lowing search terms that are potentially useful for each of the
four interpretations:

“is there any water mars”—“water mars” (noun-noun

phrase)

“is there water in march”—‘“water” (noun), “march”

(noun)
“is there any water in mars”—“water” (noun), “mars”
(noun)
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“is there water march”—“water march” (noun-noun

phrase)

The user search term selector 14 integrates the speech
recognition confidence scores and natural language analysis
results to select the final set of search terms to be used for
document retrieval. The following steps are executed:

(1) The highest and lowest confidence scores are deter-

mined, which are 51 and 45 in the example;

(2) High and low thresholds are determined using the fol-

lowing

high threshold=C1*highest confidence score*number
of interpretations

low threshold=C1*lowest confidence score*number of
interpretations

The factor C1 is determined by experiment. In the selec-
tor 14, it is 0.5. For the example, the two values are 102
and 90, respectively;

(3) The total confidence score is determined for each ofthe
words in the search terms and the words sorted accord-
ing to their scores, from the highest to the lowest. The
total confidence score of a word is the total of the scores
of the interpretations in which the word appears with the
same part-of-speech assigned by the parser 3. For
example, since the word “water” appears in all four
interpretations and in all the interpretations it is assigned
the part-of-speech “noun” by the parser 3, its total score
is 514+48+45+45=189. If, however, the word “water”
were assigned a different part-of-speech, say “verb” in
the second interpretation, the word would have two total
confidence scores, one as a noun whose score would be
51+45+45=141, and the other as a verb whose score
would be 48. For the given example, the following is

produced
“water” (noun)—189, “mars” (noun)—96, “march”
(noun)—93

Since these words are already in order, they do not need
to be sorted. This list is referred to as the initial search
word list;

(4) A determination is made on which of the above words
in the initial search word list should be further selected.
The process involves the generation of three word lists:
1) The first list contains all the words satisfying the

following conditions:

1) The word is in the interpretation(s) with the highest
confidence score;

i1) The word having highest total confidence score.

This process selects the word “water” (noun). If no
such word exists, the word(s) with the highest total
confidence score are selected;

2) A second list is generated containing all the words that
are in the interpretation(s) with the highest confidence
score. In the example, they are “water” (noun),
“mars” (noun);

3) A third list is generated using the following method:
i) select all the words with the highest total confidence

score;

ii) for the rest of the words in the search term, select a
word if it satisfies one of the following conditions:

a. its score is not less than the high threshold cal-
culated earlier;

b. it appears in the interpretation(s) with the highest
confidence score and its score is not less than a
certain portion of the low threshold (in the
example, it is 0.8);

For the example, this method selects “water” (noun),

“mars” (noun) again.
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(5) The total number of occurrences of each word in the
above three lists is determined, and used to rank the
words in the lists. For the example,

“water” (noun)—3, “mars” (noun)—?2

This is referred to as the final search word list. The list of
potential search terms identified by the parser 3 earlier
is examined, and any phrases located that contain only
the words in the final selection list with the same
part-of-speech. For each of such phrases, a weight is
assigned, which is the weight of the word in that
phrase that has the lowest weight in the final selection
list, comparing with all the weights of the other words
in the same phrase. In the example, the phrase iden-
tified is “water mars” (noun-noun phrase)—?2.
(6) All the words and phrases obtained from the above steps
(5) and (6) are collected. They form the final set of the
search terms. In the example, they are
“water” (noun)—3, “mars” (noun)—2,
mars”—2

For each final search term, the number is referred to as
the fitness value of that search term in the following
discussion. Below, search term refers to a search term
in the final set of the search terms.

The search terms identified can now be used to select the
appropriate index terms. This is the task of Query Clarifica-
tion module 16. The process involves the use of Longest
Common Substring (L.CS), a method for measuring the simi-
larity between two strings, as discussed in Hunt & Szyman-
ski, “A fast algorithm for computing longest common sub-
string”, Communication of ACM, 20, 5, 350-353, 1977. The
process also generates various weights for document
retrieval.

The LCS can be defined as follows. Let both U=u,,
Uy, ..., U, V=V, V,, ..., V,, be strings of text. If U=u,,,
U, . . ., U,, where 1=i <i,, ..., =i,=n, then U is called a
substring of U. If U' is also a substring of V, then U' is a
common substring of U and V. The LCS of U and V is a
common substring of U and V with the greatest length among
all common substrings of U and V.

As an example, given two strings
B=badbabad, the LCS of A and B is abbd.

Given a search term, the following process is executed by
the clarification module 16 to select the index terms relevant
to that search term:

(1) For each of the words in the search term, collect all the
index terms that contain that word. If no index term has
been collected, the matching is unsuccesstul, and the user
is informed accordingly;

(i1) Determine the LCS between the search term and all the
index terms collected in step (i). For each of the LCS
determined, record its length (i.e. the number of words it
contains), and the total of the word importance scores of
the words in the LCS, which is referred to as the relevant
fitness value of the index term for that particular search
term.

(iii) Treat the search term and each of the index terms col-
lected in step 2 as a pair, and determine the total fitness
value between the search term and the index term using the
following:

“water

A=abcbdda,

Total fitness value between a search term and a rel-
evant index term=(the fitness value of the search
term)*(the relevant fitness value of the index
term for that search term)

With the above method executed by the clarification mod-
ule 16, for each of the search terms, a list of relevant index
terms is obtained, and a list of the total fitness values between
the search term and each of its relevant index terms is also
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obtained. Combining the list of index terms related to each
search term creates a list of index terms for all the search
terms. If the size of this list is less than a manageability
threshold, then the index terms in this list are used for
retrieval. If, on the other hand, the number of index terms in
the list exceeds the threshold, the following method is further
applied to reduce them:

(1) Combine the total fitness value lists of all the search terms
together to create a list of the total fitness value for all the
search terms;

(1) Determine the absolute fitness value of each index term in
the final index term list mentioned above using the follow-
ing method: if an index term contains the word(s) from
only one particular search term, its absolute fitness value is
the total fitness value between the search term and the
index term; if an index term contains the word(s) in more
than one search term, generate one total fitness value with
each ofthe search terms, and set its absolute fitness value to
the total of these total fitness values.

(iii) Select only the index terms whose absolute fitness values
satisfy a predetermined criterion, for example, with the
highest absolute fitness value, or above a predetermined
threshold.

With the set of index terms selected, they are used to
retrieve relevant documents. This is performed by the Docu-
ment Retrieval module 18, which executes the following
steps:

(1) Decide the total fitness value of the document. The total
fitness value of a document is the total of the weights of the
terms that appear in both the document’s feature set and at
least one index term in the index term set. Multiple appear-
ances of a particular term in the index terms will result in
the weight of that term to be counted multiple times in the
total fitness value of the document;

(i1) Select only the documents whose total fitness values
satisfy a predetermined criterion, for example, with the
highest total fitness value, or above a certain threshold.
Once the most relevant documents have been identified as

search results 20, they are presented to the user in an appro-

priate form using the interface 10. For example, the user may
be presented with a list of documents to choose from, and

individual documents may be displayed or played with a

text-to-speech engine.

The information retrieval system as herein described has
several advantages over conventional speech recognition sys-
tems, particularly its capability of automatically generating
domain-dependent grammar rules and index terms. The sys-
tem supports adaptive voice information retrieval services
capable of working on different application domains. The
system also enables automatic service creation and updating,
and is therefore suitable for applications with dynamically
changing content or topics, for example, a daily news service
and voice access to emails.

Many modifications will be apparent to those skilled in the
art without departing from the scope of the present invention
as herein described with reference to the accompanying draw-
ings.

APPENDIX A

WaitAskTopic [
CommonInfoCmds
QUERY {<operation products>}

]

QUERY (?PRES [TOPIC SDECL YESNO WHQUEST SIMPERA]
?AFTERS)

PRES [um well]
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APPENDIX A-continued

AFTERS [um]
—————————————— Declarative sentences -------------------
SDECL
SDECL [SDECL__1_a SDECL_ 2]
SDECL_1_a][
(i want news [on about] TOPIC)
(i’m [after (interested in) news] [on about] TOPIC)
(i’m [after (interested in)] TOPIC)
(SDECLH__U1__a (to [have get] ?[some more] information about)
TOPIC)
(SDECLH__U1__a (to [(find out about) (know ?more about)]) TOPIC)

>
>

;SDECLH__Ul__a - used by the user to express his/her needs; can be
followed by
; both VP and TOPIC
SDECLH_Ul_a][
(i [want need])
(i would like)
(i’d like)
(id like)

]
;SDECL_2
SDECL_2 [
([news information] [on about] TOPIC)

YESNO [YESNO__1]
YESNO_1[
([(can you) (could you)] ?please (tell me ?something) ?about TOPIC)

sWHQUEST
WHQUEST [WHQUEST_1_a]
WHQUEST_1_a[

(what’s happening [about on] TOPIC)

]

(?please tell me [something (?[the some] news) (?some information)]
2about TOPIC)

(?please tell me ?about TOPIC)

(tell me [something (?[the some] news) (?some information)] ?about
TOPIC ?please)

(tell me ?about TOPIC ?please)

]

TOPIC [
(?the NP)
(?the NP NP)
(?the NP and NP)
(?the NP in NP)

;- NP (this is where we insert automatic generated grammar) ---

The invention claimed is:

1. A method of generating domain-specific grammar rules
using a computer system having data processing logic, the
method comprising:

parsing a plurality of documents stored in a digital docu-

ment database on computer-accessible storage media to
identify key terms of each document based on sentence
structure;

extracting a plurality of n-grams from each document,

wherein one or more of the n-grams include spaces and
partial words;

extracting a frequency of each n-gram in each document;

extracting a frequency of each n-gram in the plurality of

documents;

assigning a novelty score to each of the n-grams in each

corresponding document, said novelty score represent-
ing and being based on the extracted frequency of the
n-gram in the document and the extracted frequency of
the n-gram in the plurality of documents;
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determining which of the extracted n-grams are in each

identified key term;

assigning a weight to each key term based the novelty

scores assigned to at the extracted n-grams in the key
term; and

generating the domain-specific grammar rules for a speech

recognition engine, said grammar rules including said
key terms in association with respective probabilities
based on the weights of the key terms, wherein the key
terms define phrases that are likely to be spoken from the
plurality of documents, and the grammar rules define
which of the phrases are likely to follow others of the
phrases with the likelihoods defined by the probabilities.

2. A method as claimed in claim 1, wherein a natural
language parser executes said parsing, and said key terms are
linguistically important terms of each document.

3. A method as claimed in claim 2, wherein said parser
generates key-centered phrase structure frames for sentences
of each document, and generates at least one frame relation
graph that is parsed to determine the frames representative of
the sentences of each document, said frames including said
key terms.

4. A method as claimed in claim 1, wherein generating the
grammar rules comprises generating a list of phrases includ-
ing said key terms and said respective weights, and inputting
said list as a bi-gram array with said weights representing said
probabilities, to generate said grammar rules for said speech
recognition engine.

5. An extraction system for generating domain-specific
grammar rules, the extraction system including a computer
system having data processing logic configured to provide:

a parser for parsing a plurality of documents stored in a

digital document database on computer-accessible stor-
age media to identify key terms of each document based
on sentence structure;

a feature extractor for:

extracting a plurality of n-grams from each document,

wherein one or more of the n-grams include spaces and
partial words;

extracting a frequency of each n-gram in each document;

extracting a frequency of each n-gram in the plurality of

documents;

assigning a novelty score to each of the n-grams in corre-

sponding documents, said novelty score representing
and being based on the extracted frequency of the
n-gram in the document and the extracted frequency of
the n-gram in the plurality of documents,

determining which of the extracted n-grams are in each

identified key term, and assigning a weight to each key
term based on the novelty scores assigned to the
extracted n-grams in the key term; and

a grammar generator for generating the domain-specific

grammar rules for a speech recognition engine, said
grammar rules including said key terms in association
with respective probabilities based on the weights of the
key terms, wherein the key terms define phrases that are
likely to be spoken from the plurality of documents, and
the grammar rules define which of the phrases are likely
to follow others of the phrases with the likelihoods
defined by the probabilities.

6. A machine-readable non-transitory medium having
stored thereon instructions for generating domain-specific
grammar rules comprising machine executable code which
when executed by at least one machine, causes the machine
to:
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parse a plurality of documents stored in a digital document
database on a computer-accessible storage media to
identify key terms of each document based on sentence
structure;

extract a plurality of n-grams from each document,

wherein one or more of the n-grams include spaces and
partial words;

extract a frequency of each n-gram in each document;

extract a frequency of each n-gram in the plurality of docu-

ments;

assign a novelty score to each of the n-grams in each

corresponding document, said novelty score represent-
ing and being based on the extracted frequency of the
n-gram in the document and the extracted frequency of
the n-gram in the plurality of documents;

determine which of the extracted n-grams are in each iden-

tified key term;

assign a weight to each key term based the novelty scores

assigned to at the extracted n-grams in the key term; and
generate the domain-specific grammar rules for a speech
recognition engine, said grammar rules including said
key terms in association with respective probabilities
based on the weights of the key terms, wherein the key
terms define phrases that are likely to be spoken from the
plurality of documents, and the grammar rules define
which of the phrases are likely to follow others of the
phrases with the likelihoods defined by the probabilities.

7. A system as claimed in claim 5, wherein a natural lan-
guage parser executes said parsing, and said key terms are
linguistically important terms of each document.

8. A system as claimed in claim 7, wherein said parser
generates key-centered phrase structure frames for sentences
of each document, and generates at least one frame relation
graph that is parsed to determine the frames representative of
the sentences of each document, said frames including said
key terms.

9. A system as claimed in claim 5, wherein the novelty
score is determined on the basis of

¥y

_{(Sj*p;j*lnp;j)+((S—Sj)*q;j*)—(S*t;j*lnt;j), Pij zq;j}P;j 2 gy
0, Py < gy

where W, is the novelty score of the n-gram i in the document
J» by, 1s the probability of the occurrence of the n-gram i in the
document j, q,, is the probability of occurrence of the n-gram
i elsewhere in said documents, t; is the probability of occur-
rence of the n-gram i in said documents, S is the total count of
n-grams in the document j, and S is ZS,.

10. A system as claimed in claim 5 wherein generating the
grammar rules comprises generating a list of phrases includ-
ing said key terms and said, and inputting said list as a bi-gram
array with said weights representing said probabilities, to
generate said grammar rules for said speech recognition
engine.

11. A machine readable medium as claimed in claim 6,
wherein a natural language parser executes said parsing, and
said key terms are linguistically important terms of each
document.

12. A machine readable medium as claimed in claim 11,
wherein said parser generates key-centered phrase structure
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frames for sentences of each document, and generates at least
one frame relation graph that is parsed to determine the
frames representative of the sentences of each document, said
frames including said key terms.

13. A machine readable medium as claimed in claim 6,
wherein the novelty score is determined on the basis of

q‘“_{(Sj*p;j*lnp;j)+((S—Sj)*q;j*)—(S*t;j*lnt;j), Pij zq;j}P;-zq;j
v 0, Py < gy

where W, is the novelty score of the n-gram i in the document
J» p;; 1s the probability of the occurrence of the n-gram i in the
document j, q; is the probability of occurrence of the n-gram
i elsewhere in said documents, t; is the probability of occur-
rence of the n-gram i in said documents, S; is the total count of
n-grams in the document j, and S is XS,

14. A machine readable medium as claimed in claim 6
wherein generating the grammar rules comprises generating a
list of phrases including said key terms and said, and inputting
said list as a bi-gram array with said weights representing said
probabilities, to generate said grammar rules for said speech
recognition engine.

15. A method as claimed in claim 1, wherein the novelty
score is determined on the basis of:

p,» which is the probability of the occurrence of n-gramiin

document j determined from the extracted frequency of
the n-gram i in the document j;

q,» which is the probability of occurrence of the n-gram i
elsewhere in said documents determined from the
extracted frequency of the n-gram i in the plurality of
documents and the extracted frequency ofthe n-gram i in
the document j;

t,» which is the probability of occurrence of the n-gram i in
said documents determined from the extracted fre-
quency of the n-gram 1 in the plurality of documents;

S,, which is the total count of n-grams in the document j;
and

S, which is ZS,,

if p,zq,;.

16. A method as claimed in claim 15, wherein the novelty
score is determined to be zero if p,;<q;;.

17. A method as claimed in claim 16, wherein the novelty
score is determined on the basis of the following:

Wy

1

_{(Sj*p;j*lnp;j)+((S—Sj)*q;j*)—(S*t;j*lnt;j), Pij zq;j}P;-zq;j
0, P;j<q;j

where W, is the novelty score of the n-gram i in the document

18. A method as claimed in claim 1, wherein the plurality of
n-grams extracted from each document are of the same length
n.

19. A system as claimed in claim 5, wherein the plurality of
n-grams extracted from each document are of the same length
n.

20. A machine-readable non-transitory medium as claimed
in claim 6, wherein the plurality of n-grams extracted from
each document are of the same length n.
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